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1
BATTERY ANALYSIS SYSTEM AND
METHOD

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application is a continuation of U.S. patent applica-
tion Ser. No. 17/502,565, filed on 15 Oct. 2021, which is a
continuation of U.S. patent application Ser. No. 17/314,867,
filed on 7 May 2021, which claims the benefit of U.S.
Provisional Application no. 63/021,604, filed 7 May 2020,
and U.S. Provisional Application no. 63/168,015, filed 30
Mar. 2021, each of which is incorporated in its entirety by
this reference.

TECHNICAL FIELD

This invention relates generally to the battery manage-
ment field, and more specifically to a new and useful system
and method in the battery management field.

BACKGROUND

Performance of battery systems (e.g., battery cells, battery
packs, electricity storage systems) and battery-powered
devices or systems is often dependent upon battery system
state and battery operating conditions (e.g., control inputs,
environment conditions, etc.). By changing battery operat-
ing conditions, performance of battery systems (and systems
or devices powered by such battery systems) can change.
Additionally, change in operating conditions can affect lon-
gevity and economic value of battery systems.

BRIEF DESCRIPTION OF THE FIGURES

FIG. 1 is a schematic representation of the system.

FIG. 2 is a schematic representation of an embodiment of
the method.

FIGS. 3A and 3B are schematic representations of
examples of a state estimator and exemplary inputs and
outputs to the state estimators.

FIG. 4 is a schematic representation of an example of
characterizing a battery.

FIG. 5 is a flow chart for an exemplary embodiment of the
model.

FIG. 6 is a flow chart for an example of updating a model.

FIG. 7 is a schematic representation of an exemplary
battery cell model.

FIG. 8 is a schematic representation of an exemplary
battery pack model.

FIG. 9 is a schematic representation of an exemplary
battery pack model.

FIGS. 10A and 10B are schematic representations of
examples of clustering battery systems within a fleet of
battery systems.

FIG. 11 is a schematic representation of an exemplary
battery platform.

FIG. 12 is a schematic representation of an exemplary
battery cell model.

FIG. 13 is a schematic representation of an exemplary
battery pack model.

FIGS. 14A and 14B are schematic representations of
examples of a validated and not validated model, respec-
tively.

FIG. 15 is a schematic representation of an example of a
validated state estimator.
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FIG. 16 is a schematic representation of an example of a
state estimator being used to generate a look-up table for a
local state estimator.

FIG. 17 is a schematic representation of an example of
generating physical models and analysis models.

DESCRIPTION OF THE PREFERRED
EMBODIMENTS

The following description of the preferred embodiments
of the invention is not intended to limit the invention to these
preferred embodiments, but rather to enable any person
skilled in the art to make and use this invention.

1. Overview.

As shown in FIG. 1, the system can include a computing
system. The system can optionally include: a sensor, a
battery system, a remote computing system, and/or any
suitable components. The computing system(s) can option-
ally include: a state estimator, a simulation engine, a com-
munication module, a model generator, a characterization
module, and/or any suitable modules. However, the system
can include any suitable components.

As shown for example in FIG. 2, the method can include
determining a battery state using a battery model. The
method can optionally include characterizing one or more
batteries S100, generating one or more battery models S200.
The method can additionally or alternatively include: receiv-
ing battery measurements S300, updating the battery
model(s) S500, displaying the battery state Shoo, and/or any
suitable steps.

The system and method preferably function to determine
(e.g., generate, evaluate, validate, select, identify, etc.) one
or more battery models and use the battery models to
determine (e.g., estimate, calculate, predict, etc.) battery
properties during or resulting from use of the battery.
However, the system and/or method can optionally perform
any suitable function.

2. Benefits.

Variations of the technology can confer several benefits
and/or advantages.

First, variants of the technology can enable or improve
(e.g., increase the accuracy of, increase the speed of, etc.)
battery state estimation on compute limited resources (e.g.,
a processor collocated with the battery). In specific
examples, distributing the computation of the state between
a remote computing system (e.g., that is not compute lim-
ited) and a local computing system (e.g., that is compute
limited) can facilitate the battery state estimation. For
instance, the remote computing system can generate states
(e.g., in a look-up table) that can be provided to the local
computing system, where the local computing system can
determine the battery states using the look-up table.

Second, variants of the technology can validate the mod-
els and/or state estimator to ensure a threshold accuracy
and/or precision of the estimated or predicted states. For
example, the model(s) and/or state estimator(s) can be
validated by comparing predicted states (generated using the
model and/or state estimator) to measured states for analo-
gous load profiles and analogous batteries.

Third, variants of the models can be modular, enabling
models to be selected and/or modified based on a selection
criterion (e.g., an application of the battery system, an
accuracy of the estimated states, amount of compute avail-
able, etc.). In specific examples, the modularity can be
enabled by using lumped models, by separating the models
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into discrete portions (e.g., separating the effects of thermal
loading from electrical properties), and/or otherwise be
enabled.

Fourth, variants of the technology can enable estimation
of a state of a battery in real-time (e.g., during operation of
an external system) and/or before operating the external
system. In related variants, the technology can enable state
estimation despite the problem being nonlinear (and/or
including nonlinear effects). Specific examples can enable
the state estimation based on the models and/or state esti-
mators that are used.

Fifth, variants of the technology can estimate (and/or
optimize) an external system’s useful lifetime and/or eco-
nomic value. In specific examples, the models can be
simulated forward in time (e.g., using a simulation engine,
using a state estimator propagating forward in time, etc.) to
predict the future performance of external system(s).

Sixth, variants of the technology can monitor and analyze
a battery in real-time with limited computational resources.
For example, the technology can leverage different versions
of an analysis model that each are tuned for a different
battery state of a given battery pack. This allows the locally
deployed models to be extremely small, fast, and efficient.

However, variants of the technology can confer any other
suitable benefits and/or advantages.

3. System.

The system preferably functions to determine (e.g., gen-
erate, evaluate, validate, select, identify, etc.) one or more
battery models, use the battery models to determine (e.g.,
estimate, calculate, predict, simulate, etc.) battery properties
during or resulting from use of the battery, characterize one
or more batteries for a response to an applied load, deter-
mine (e.g., detect) an anomalous battery operation condi-
tions, and/or otherwise functions. As shown for example in
FIG. 1, the system can include a computing system. The
system can optionally include: a sensor, a battery system
(e.g., an external system, a battery, etc.), a remote computing
system, and/or any suitable components.

Portions of (including but not limited to the entire) the
system can be collocated with (e.g., mounted to, integrated
into, etc.) an external system, where the external system
functions to perform one or more operation or application.
Exemplary operations or applications include: data retrieval
or transmission, image acquisition, package delivery, per-
sonal transportation, group transportation, data processing,
performing one or more instance of the method as described
below, system reorientation and/or repositioning, and/or any
suitable operation(s). Exemplary external systems include:
unmanned aerial vehicles (e.g., UAVs, drones, etc), satel-
lites, rovers, electric vehicles (e.g., electric cars, electric
trucks, shipping vehicles, buses, trains, electric passenger
vehicles, etc.), electric submarines, electric boats, user
devices (e.g., smart phones, computers, power tools, yard
tools, etc.), electrical generators, consumer electronics, elec-
tric bicycles, scooters (e.g., electric scooters, electric motor-
bikes, etc.), mobility scooters, wheelchairs, personal trans-
porters (e.g., kick scooters, electric skateboards, self-
balancing unicycles, Segway, etc.), electric airplanes,
construction equipment, and/or any suitable external system.

The external system(s) can be stand-alone or custom
systems, part of a fleet or group of systems, one of a group
of common systems (e.g., manufactured by the same entity,
manufactured in the same processing plant, manufactured
for the same end user, manufactured to achieve the same
specifications, etc.), and/or otherwise be related or unrelated.

The external system(s) preferably include one or more
batteries which functions to provide power to the external
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4

system and/or a component thereof (e.g., a motor, a camera,
a computing system, etc.). The battery(s) are preferably a
secondary cell (e.g., rechargeable), but can be a primary cell
(e.g., not rechargeable) and/or any suitable battery, capaci-
tor, and/or supercapacitor. The battery is preferably a lithium
battery (e.g., a cathode of the battery includes a lithium
material such as lithium nickel manganese cobalt oxide,
lithium nickel aluminium cobalt oxide, lithium manganese
oxide, lithium iron phosphate, lithium cobalt oxide, lithium
oxide, lithium iron oxide, lithium copper oxide, etc.; an
electrolyte of the battery includes lithium ion sources such
as lithium hexafluorophosphate, lithium hexafluoroarsenate,
lithium perchlorate, lithium tetrafluoroborate, lithium tri-
flate, lithium tetrachloraluminate, lithium bromide, lithium
iodide, lithium chloride, lithium tetrachlorogalate, etc.; an
anode of the battery includes lithium material such as
lithium titanate; etc.). However, the batteries can include one
or more: lead batteries, nickel batteries, aluminum batteries,
glass batteries, magnesium batteries, molten salt batteries,
microbial batteries, organic radical batteries, polymer poly-
sulfide bromide batteries, sand batteries, silicon batteries,
silver batteries, sodium batteries, zinc batteries, and/or any
suitable batteries.

The battery(s) are preferably the primary source of power
for the external system, but can be an auxiliary power
source, a back-up power source, a secondary power source,
a tertiary power source, and/or otherwise provide power to
any portion of the external system.

Each battery can include one or more: battery cells (e.g.,
a container to store chemical energy such as a prismatic
battery cell, pouch battery cell, cylindrical battery cell, etc.;
including an anode, cathode, separator, electrolyte, etc.),
battery modules (e.g., groups or clusters of battery cells),
battery packs (e.g., an enclosure that includes one or more
battery cells or battery modules, processors configured to
run software, heating and/or cooling systems, etc. that
delivers power to the components of the external system),
and/or any suitable components. A battery pack can include
any number of battery cells and/or battery modules between
about 1 and 10,000 battery cells or modules. However, a
battery pack can include more than 10,000 battery cells or
modules. A battery module can include any number of
battery cells between about 1 and 10,000 battery cells.
However, a battery module can include more than 10,000
battery cells. An external system can include between 1 and
10,000 battery packs. However, an external system can
include greater than 10,000 battery packs.

Each battery 305 can be described by a set of battery
properties. The battery properties can be cell-specific prop-
erties, module-specific properties, pack-specific properties,
generic properties, and/or any suitable properties. The prop-
erties can be static (e.g., fixed such as determined at the time
of installation or manufacture) and/or variable (e.g., change
during operation of the battery, change over time as the
battery ages, change depending on the number of battery
operation cycles, etc.). Battery properties can be: directly
measured; calculated, derived, inferred, or estimated (e.g.,
from directly measured battery properties, from simulations,
from charging or discharging the battery, etc.); received
(e.g., from a manufacturer, from an operator, from a data
sheet, etc.), and/or otherwise be accessed. Battery properties
can include internal battery properties and external battery
properties (e.g., properties associated with an environment
that the battery is in). Exemplary battery properties include:
voltage (e.g., open circuit voltage, instantaneous voltage,
end-of-life voltage, beginning of life voltage, voltage limits,
etc.), current (e.g., short circuit current, instantaneous cur-
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rent, end-of-life current, beginning-of-life current, current
limits, taper currents, etc.), temperature (e.g., internal tem-
perature, surface temperature, environment temperature, set
temperature, local temperature, average temperature, etc.),
temperature gradient, humidity, pressure (e.g., environmen-
tal pressure, mechanical pressure, air pressure, etc.), resis-
tance (e.g., internal resistance, ohmic resistance, capacitive
resistance, inductive resistance, etc.), impedance, capacity
(e.g., specific capacity), capacitance (e.g., effective capaci-
tance), inductance, component thickness (e.g., anode thick-
ness, cathode thickness, separator thickness, solid-electro-
lyte interface layer thickness, etc.), particle radius (e.g.,
anode particle radius, cathode particle radius), transference
number, Brugman number, solution diffusivity, solution vol-
ume fraction (e.g., anode, cathode, separator, etc. solution
volume fraction), diffusivity (e.g., anode solid diffusivity,
cathode solid diffusivity, etc.), reaction rate (e.g., anode
reaction rate, cathode reaction rate, etc.), materials (e.g.,
cathode material, anode material, electrolyte material, sepa-
rator, etc.), geometry, solution conductivity, entropic heating
coeflicient, thermal conductivity, electrical conductivity,
thermal mass, C-rate (e.g., nominal C-rate, maximum
C-rate, etc.), charge (e.g., maximum charge, charge current
limit, discharge current limit, delivered charge, stored
charge, etc.), state (SoX) of the battery (e.g., state of charge
(SoC), state of health (SoH), state of power (SoP), state of
safety (SoS), etc.), energy (e.g., energy delivered since last
charge or discharge, total energy delivered for a given period
of time, etc.), time (e.g., time since last charge or discharge,
age, remaining lifetime, etc.), ion concentration (e.g.,
lithium ion concentration), and/or any suitable properties.

The sensor(s) 200 function to measure one or more
battery property, external system property, environmental
condition (e.g., of an environment proximal to, surrounding,
adjacent to, near, etc.) of the battery or external system,
and/or any suitable properties. The sensors are preferably
connected to (e.g., in contact with) the battery(s), but can be
collocated with (e.g., mounted to) the external system,
remote from the external system (e.g., a wireless sensor),
and/or otherwise be configured. In variants, each cell of a
battery can include a sensor, each module of a battery can
include a sensor, each battery pack can include a sensor, a
subset of cells can include a sensor, a subset of modules can
include a sensor, a subset of packs can include a sensor,
and/or the sensor can otherwise be associated with any
suitable battery(s). Exemplary sensors include: battery man-
agement systems (BMS) monitors, thermometers, pressure
gauges, external system sensors (e.g., odometers, altimeters,
power sensors, etc.), anemometer, weather sensors (e.g.,
illumination sensors, humidity sensors, road condition sen-
sors, etc.), clocks, electrochemical impedance spectroscopy
(EIS) sensors, voltmeters, ammeters, ohmmeter, multimeter,
and/or any suitable sensors.

When the external system is part of a system fleet, each
external system can include the same or a different suite of
sensors. In an illustrative example, a subset of external
systems (e.g., less than 0.001%, 0.001%, 0.01%, 0.1%, 1%,
10%, 20%, 50%, 60%, 70%, 80%, 90%, 95%, 100%, or
values therebetween) within a fleet can include EIS sensors,
where data generated from this subset of external systems
can be used (e.g., have a larger weight relative to other
external systems, be used exclusively, etc.) in the generation
of battery models and/or updating battery models. However,
the external systems and/or batteries can include any suit-
able sensors.

The computing system 100 preferably functions to per-
form one or more steps of the method (e.g., as described
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below). However, the computing system can additionally or
alternatively function to receive data, process data, store
data, and/or can otherwise function. The computing system
is preferably distributed between an edge computing system
105 (e.g., collocated with the battery or external system) and
a remote computing system 110 (e.g., a server, cloud com-
puting system, a computing system of an operations center,
etc.). However, the computing system can be distributed
between a battery computing system and an external com-
puting system, can be a remote computing system, can be a
local (e.g., edge) computing system, and/or can be distrib-
uted in any manner. In a first illustrative example, the entire
computing system can be collocated with a battery. In a
second illustrative example, a first set of processes can be
performed by a processor collocated with the battery and a
second set of processes can be performed by a cloud
computing system. In a third illustrative example the com-
puting processes can be performed at the cloud. However,
the computing system can otherwise be configured or dis-
tributed. The computing system can include any suitable
processors, microprocessors, memory, controllers, and/or
other components.

The computing system can include: a model generator
140, a state estimator 120, a simulation engine 130, a
validation engine 150, a communication module 160, and/or
any suitable components.

The model generator 140 preferably functions to generate
(e.g., initialize, update, select, etc.) a set of models 145
which can be used to determine (e.g., calculate, estimate,
etc.) a battery state. The model generator is preferably part
of a remote computing system, but can be integrated on an
edge computer and/or any suitable computing system. The
set of models can be unique (e.g., to a given battery, to a
given external system, to a fleet of external system, to a
battery class such as batteries sharing one or more battery
property, etc.) and/or generic. Each model of the set of
models can function to describe (e.g., mathematically
describe) or represent a battery and/or external system. For
example, each model can provide a differing representation
of the battery (e.g., with differing degrees of accuracy,
computation needed, etc.).

The set of models can include battery models, sensor
models, and/or any suitable models. The sensor model(s)
141 can function to model how sensor data is acquired, an
error associated with sensor measurements, sensor biases,
and/or otherwise model the sensor behavior. The battery
models are preferably physical models (e.g., model a physi-
cal aspect of the battery; model battery physics; etc.), but can
alternatively be conceptual models or other models. The
battery models 142 can function to model (e.g., form a
representation of) how the battery operates and/or responds
to charging or discharging. For example, battery models can
simulate electrical effects, thermal effects, diffusion effects,
ion effects, electrochemical effects, and/or any suitable
effects.

The models are preferably parameterized models, but can
be or include nonparameterized models, machine learning
models (e.g., neural networks), and/or any suitable model
types. Parameterization generally refers to what independent
variables are associated with a dependent variable and a
functional form for how the dependent variable changes
with the independent variable. Parameterization can addi-
tionally or alternatively include: what elements are lumped
together (e.g., how many individual units are described by a
given term), and/or otherwise be defined. In an illustrative
example, open-circuit voltage (U) can be parameterized as a
function of state of charge (SoC), temperature (T, e.g.,
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internal temperature of the battery, environmental tempera-
ture, etc.), and/or age of the battery such as: U(SoC,T, age),
U(SoC, age), U(T, age), U(SoC,T), U(SoC), U(T), U(age),
or U; where f(x) means function f of independent variables
X.

Exemplary functional relationships include: polynomials
(e.g., constant, linear, quadratic, cubic, quartic, quintic, etc.),
exponentials, logarithms, trigonometric functions, logistic
functions, hyperbolic functions, sigmoidal functions, radical
functions (e.g., square roots, cube roots, etc.), rational func-
tions, transcendental functions, power functions, special
functions (e.g., Bessel functions, hypergeometric functions,
error functions, delta functions, sinc functions, etc.), differ-
entials (e.g., differentials with respect to time, space, battery
properties, etc.), integrals (e.g., with respect to time, space,
battery properties, etc.), and/or any suitable functions.

Each parameterization is preferably associated with a set
of parameters, where the set of parameters scale or otherwise
relate the independent variable to a dependent variable. For
instance, in the parameterization of U(SoC, T)=A*SoC+
B*T+C; A, B, and C are the set of parameters.

Typically, the independent variables will be associated
with (e.g., be, be derived from, be associated with, etc.) one
or more sensor measurements. However, the independent
variables can additionally or alternatively include: states
(e.g., estimated by a state estimator), simulated system
properties, and/or any suitable variables. When a variable is
not directly measured (e.g., is determined by combining one
or more other measured quantities), the variable can be
referred to as a ‘hidden variable.” However, a hidden vari-
able can otherwise be defined.

The parameters can be active or inactive. Active param-
eters are preferably parameters that are updated during the
use of (e.g., evaluation of, training, determination of, etc.)
the model. Inactive parameters are preferably parameters
that do not change while using the model. The identification
of a parameter as an active or inactive parameter can be
depend on: a relationship between the parameter and a
physical model (e.g., a physical constant can be an inactive
parameter), an impact of changes in the parameter to a
quality (e.g., accuracy, precision, compute required, pro-
cessing speed, etc.) of the model (e.g., parameters with a
smaller impact can be inactive parameters, parameters with
a larger impact can be active parameters, etc.), a covariance
between variables or parameters (e.g., when two parameters
have a correlation coefficient greater than about 0.5, 0.6, 0.7,
0.8, 0.9, 0.95, 0.99, values therebetween, etc. at least one of
the parameters can be inactive), an error in a variable
associated with the parameter, an error or uncertainty in
determining the parameter value, and/or can otherwise be
identified or selected. Inactive parameters can becorme active
parameters and active parameters can become inactive
parameters (e.g., as more data is received; as one or more
battery properties change; depending on the current use or
application of the model such as for state estimation, for
prediction, for safety determination, for anomaly prediction,
etc.; depending on the current use of the battery such as
charging, discharging, storing, active use, etc.; etc.).

Each model of the set of models is preferably associated
with one or more submodels. The submodel(s) are prefer-
ably distinct (e.g., covariance between models is low), but
can be integrated (e.g., have a non-negligible covariance
with other submodels). The submodels can include physical
models, nonphysical models, and/or any suitable models.
The submodels can include local models (e.g., cell models
144 that are specific to a cell as shown for example in FIG.
12, specific to a module, specific to a predetermined number
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of cells, specific to an external system, specific to a portion
of an external system proximal the battery, etc.), a battery
pack model 142 (e.g., including or accounting for each cell
of a pack separately or collectively, accounting for each cell
in series within a pack, as shown for example in FIG. 13,
etc.), a battery module model, an external system model,
and/or any suitable models. The submodel(s) are preferably
Iumped model(s) (e.g., lumped element models), but can be
finite element model(s), numerical model(s), continuous
model(s), single particle model(s), and/or any suitable
model(s). The submodel(s) can include, for example, a
thermal model (e.g., a model for determining the thermal
distribution within a battery, battery pack, cell, external
system, etc.), a heat generation model (e.g., a model for how
much heat is generated during operation of the battery), an
electrical model, an electrochemical model, a heat transport
model (e.g., a model for how heat is transported within
and/or between components), a degradation model, an ion
transport model (e.g., Li* transport model), a quantum
mechanical model, and/or any suitable models.

In a first illustrative example, a thermal submodel (e.g.,
for a temperature distribution within a battery pack or
external system) can be represented as: TL:EJ- M, T b,
where T, is the change in temperature with respect to time of
element i (e.g., where an element can refer to a cell, a group
of cells, a cell and nearby thermal mass, a component of a
cell, etc.), M, ; is a matrix of interdependencies relating the
current temperature distribution to the rate of change of the
temperature distribution at each element, T; is the tempera-
ture of element j, and b, is a source term (e.g., boundary
conditions, electrochemical heat generation, external
sources, etc.). In a second illustrative example, an electro-
thermodynamic heat generation submodel can be repre-
sented as:

D= D =IU-V ITaU
0=0,,, + 0, =1( ) 0T|q,

where Q is the change in heat of an element, Q,,,,, can be
attributed to a change in heat due to an internal resistor, Q,,,
can be attributed to changes in heat due to reversible
processes, I is the element current, U is the element open
circuit voltage, V is the potential drop of the element, T is
the temperature, and q is the charge. In a third specific
example, as shown in FIG. 7, a battery cell can be modeled
as a voltage source (e.g., a voltage source with a voltage
approximately equal to the open circuit voltage) and a
resistor (e.g., with an internal resistance). In a fourth specific
example, as shown in FIG. 8, a battery pack can be modelled
as a plurality of battery cells, with n cells in series and N
cells in parallel. In a fifth illustrative example, as shown in
FIG. 9, a battery pack can be modeled as N cells in parallel
(e.g., where cells in series can be modeled as a single
effective cell). In a sixth illustrative example, an equivalent
circuit model can be parameterized by a relationship among
information (e.g., temperature, state of charge, age, battery
properties, battery states, etc.) pertaining to, associated with,
and/or describing a battery. In a seventh illustrative example,
an electrochemical model can include and/or be represented
by one or more: equivalent circuit models, combinations of
equivalent circuit models with electrical components, fully
electrochemical models (e.g., single particle models, single
particle models with electrolyte, first principles electro-
chemical models, etc.), integrated electrochemical and ther-
mal models (e.g., tracking temperature and lithium concen-
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tration such as in another electrochemical model), and/or
any suitable electrochemical models. However, any suitable
models can be used.

Each model of the set of models is preferably distinct
from other models of the set of models. However, two or
more models of the set can be the same. In a first specific
example, each model of the set of models can be associated
with a different parameterization. In a second specific
example, each model of the set of models can be associated
with a different set of parameters (e.g., different parameter
values, different active and/or inactive parameters, etc.). In
a third specific example, different models can include dif-
ferent physical representations of the battery (e.g., one
model can include an equivalent circuit representation and
another model can include an electrochemical representa-
tion). In a fourth specific example, a model can be updated
or modified (for example, as more information is available
for older batteries, the model can be changed to account for
time; as operating regimes or parameters change, the model
can be changed; etc.). However, the set of models can
include any suitable model(s).

The model from the set of models that is used for a given
battery or external system can be manually or automatically
determined (e.g., selected). In a first specific example, an
operator can choose a model to use (for a given instance or
use of the external system, indefinitely, etc.). In a second
specific example, a model can be chosen (automatically)
based on a battery property or an external system property
(e.g., a model can be chosen based on an amount of
computation needed to run the model and/or based on an
amount of computation available to the computing system).
In a third specific example, a model can be chosen based on
a threshold or target accuracy of the state estimation or
prediction. In a fourth specific example, a model can be
chosen based on the application or use case of the battery or
external system. However, a model can otherwise be chosen.

The selected model can be updated (e.g., parameters of
the model can change, a different model can be selected and
replace the previous model, etc.) and/or be fixed. The
selected model can be updated, for example, because a new
set of models have been generated, a different model is better
matched to the current needs of the battery and/or external
system, the model is no longer valid or validated, the
operator’s needs have changed, and/or for any suitable
reason. The model is preferably updated smoothly (e.g.,
without interruptions in the method’s performance; without
noticeable or perceivable interruptions in the method; with
interruptions less than a threshold amount of time such as
less than 100 ms, 1 s, 10 s, etc.; during periods of inactivity
of the external system and/or battery such as charging a
battery with or without drawing energy for other purposes;
etc.), but can be choppy, noticeable, and/or otherwise occur.
However, the selected model can otherwise be transitioned.

The state estimator 120 functions to estimate a state (e.g.,
a current state, a future state, etc.) of the external system
and/or battery. The state estimator can run on the edge
computing system and/or the cloud computing system. In
some variants, a first state estimator can be run on the
external system and a second state estimator can be run in
the remote computing system. In these variants, the first and
second state estimator can have the same or different inputs
and/or outputs. In these variants, the first and second state
estimator preferably, but do not have to, use the same model.
The state estimator can be continuous and/or time discrete.

As shown for example in FIG. 3A, inputs to the state
estimator can include: sensor data, filtered data, battery
properties, external system properties (e.g., application,
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dimensions, geometry, environment, computational power
available, duration of service, operator characteristics such
as aggressiveness, etc.), a load profile, noise or error in the
sensor measurements (e.g., characterization of the sensor
noise), noise or error in the external system properties, noise
or error in the battery properties, model parameters, model
error estimates, and/or any suitable inputs.

The state estimator preferably uses the model (e.g., the
selected model) to determine (e.g., predict, calculate, esti-
mate, etc.) the battery state. For example, the model can be
used as a state evolution model (e.g., the model can be used
to update a set of states such as temperature or state of
charge given the current state and one or more inputs) of the
state estimator. The state estimator can use a control input
model for how a control input impacts or changes a state. For
example, a load profile (e.g., predicted load profile, historic
load profile, planned load profile, etc.) can be used as a
control input vector, where the control input model would
model how operating the battery according to the load
profile (over time) would change the state of the battery.
However, any suitable model(s) can be used.

Outputs (e.g., states) from the state estimator can include:
states of the battery system (e.g., predicted state of the
battery during or after operating the battery system), battery
properties (e.g., true battery properties, denoised battery
properties, etc.), states of the external system, covariance
between two states, parameters of the model (e.g., active
parameters of the model), model error (e.g., estimates of an
error in the model parameters), anomaly states (e.g., states
that predict or are correlated with a probability of an
anomaly occurring during operation of the batter or external
system, amount of time before an anomaly would be pre-
dicted to occur, etc.), maintenance states (e.g., states that
predict or are correlated with a probability of maintenance
being needed during operation of the batter or external
system, amount of time estimated before maintenance is
needed, etc.), time (e.g., lifetime of the battery), and/or any
suitable states. Anomaly states are preferably associated
with one or more anomalies that can occur to the battery or
external system. Anomalies can include: thermal anomalies,
electrical anomalies, mechanical anomalies, and/or any suit-
able anomalies. Exemplary anomalies include: fires, anoma-
lous heat generation, battery failure, lithium plating, battery
degradation, and/or any suitable anomalies.

The states can have an absolute value or a relative value.
For example, the states can be relative to an initial state (e.g.,
a battery state associated with a beginning of life of the
battery), a recent state (e.g., a battery state at the start of an
instance of the method, start of an application or use of the
external system, etc.), a final state (e.g., a battery state
associated with an end-of-life of the battery), and/or any
suitable state.

In some variants, one or more states can be determined
and/or identified using machine learning, bootstrapped data-
sets, and/or otherwise be determined. The training dataset
used to identify the states can include: characterization data,
field data (e.g., battery properties for batteries operating in
the field), simulation data, and/or any suitable data. The
training data can be weighted (e.g., batteries that have
experienced an anomaly or other rare event can have a larger
weight than other batteries, simulations that exhibit an
anomaly can have larger weights, etc.) or unweighted. For
example, a set of simulations (e.g., performed using the
model in the simulation engine) can be performed where in
the simulation an anomaly occurs and/or maintenance is
necessary. Machine learning (or other techniques) can be
used to identify a state that is predictive of the occurrence of
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arare event (e.g., an anomaly, maintenance, insurance claim,
change in warranty status, etc.), where the state estimator
can generate said state. However, the states can be deter-
mined based on stress-testing of batteries (e.g., operating the
batteries outside of normal operation conditions and char-
acterizing the response or behavior of the batteries), based
on a rare occurrence of events, based on predicted states of
relevance, and/or in any suitable manner.

The state estimator can include: a Kalman filter, an
extended Kalman filter, an unscented Kalman filter, an
ensemble Kalman filter, a look-up table, a Markov Chain
Monte Carlo technique, linearization techniques, machine
learning techniques (e.g., a neural network), and/or any
suitable particle filter, sequential Monte Carlo technique, or
other state estimator. The state estimator (e.g., type, where
the state estimator runs, etc.) can depend on an accuracy of
the estimated state, an amount of processing power avail-
able, and/or otherwise depend on any suitable properties.

In variants of the state estimator including a look-up table,
the look-up table can include a relationship between a set of
battery properties (e.g., measured battery properties) and a
set of model parameters. For example, the model parameters
can be parameters for a Kalman filter where the Kalman
filter is used to estimate the battery state. This can provide
the benefit of operating efficiently in computationally con-
strained environments (such as on an edge computing sys-
tem). Within the look-up table, different model parameters
can be associated with different regimes of battery proper-
ties. For example, a first set of model parameters can be
associated with a first temperature range, a second set of
model parameters can be associated with a second tempera-
ture range, and so on. Each range or regime is preferably
approximated as a linear function, but can be approximated
by any suitable function. The range or regime being approxi-
mated by a linear function can be beneficial for both
computational speed and efficiency as well as enabling or
supporting deterministic battery state determination (e.g.,
for the same inputs, the same outputs will be produced)
and/or provide any suitable benefit. The number of regimes
(and/or number of variables divided over the regimes) can
be set by a processing power of the computing system, by a
transmission bandwidth, by an accuracy of the approxima-
tion (e.g., a linear approximation) of the regimes, sampling
rates, by an accuracy of the output battery states, and/or
based on any suitable information.

In some embodiments, as shown for example in FIGS. 3B
and 16, the system can include more than one state estimator.
The state estimators preferably run on different computing
systems, but can be used on the same computing system.
Each state estimator can be the same (e.g., same type of state
estimator) or different. The state estimators can be chosen
based on a state accuracy, a processing power (e.g., available
at the computing system running the state estimator), a
validity of the state estimator, and/or otherwise be chosen.

Each state estimator (associated with a given fleet or
battery) preferably uses the same model, but the state
estimators can use different models. Each state estimator can
use the same or different inputs. For example, one state
estimator can use a subset of the inputs or sensor data used
by a second state estimator. Each state estimator can output
the same or different outputs.

In a first illustrative example of a system using a plurality
of state estimators, a first state estimator 124 can be inte-
grated into an external system and/or battery computing
system and a second state estimator 122 can be integrated
into a cloud computing system. In this specific example,
outputs (e.g., estimated states) from the first state estimator
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can include a first set of model parameters (e.g., first set of
active model parameters) and outputs from the second state
estimator can include a second set of model parameters (e.g.,
a second set of active model parameters). The first and
second set of model parameters can be the same and/or
different model parameters. Typically, the first set of model
parameters is a subset of the second set of model parameters
(i.e., the second set includes most or all of the model
parameters in the first set as well as additional model
parameters). However, the first and second set of model
parameters can include any suitable parameters. In this
specific example, inputs to the first state estimator are
typically battery properties for a battery associated with the
first state estimator. Inputs to the second state estimator can
include battery properties for batteries associated with a fleet
or group of batteries (e.g., in addition to the battery associ-
ated with the first state estimator) and/or characterization
batteries. In this example, both state estimators can be
unscented Kalman filters.

In variations of the first example, the first state estimator
can be run and or used at a first time scale and the second
state estimator can be run and/or used on a second time
scale. The first time scale is generally shorter than the second
time scale, which can be referred to as a “fast model” and a
“slow model” respectively. For instance, the first time scale
can be between about 1 second and 1 day (e.g.,1s,25s,5
s, 10,20 S, 30 s, 1 min, 2 min, 5 min, 10 min, 20 min, 30
min, 1 hr, 2 hr, 4 hr, 6 hr, 8 hr, 12 hr, 18 hr, 24 hr, values
therebetween) and the second time scale can be between
about 1 day and 1 year (e.g., 1 day, 2 days, 3 days, 5 days,
1 week, 2 weeks, 3 week, 4 weeks, 1 month, 2 months, 3
months, 4 months, 6 months, 8 months, 9 months, 12
months, values therebetween). However, the first and second
time scales can be any suitable amount of time.

In a second specific example as shown in FIG. 16, a first
state estimator operating on a first computing system (e.g.,
a cloud server) can be used to generate a second state
estimator that is to be used on a second computing system
(e.g., battery computing system, external system computing
system, edge computing system, etc.). In this example, the
first state estimator can be an unscented Kalman filter and
the second state estimator can include a look-up table that is
used to determine the model parameters for a Kalman filter.
However, any suitable state estimators can be used. The
second state estimator can be validated by the first state
estimator (e.g., a validation of the second state estimator can
be associated with a state output by the first state estimator),
be conferred from the first state estimator (e.g., when the
first state estimator is validated), be validated such as by a
validation engine, and/or can otherwise be validated.

The simulation engine 130 functions to perform a simu-
lation to predict a state of a battery system. The simulation
engine (e.g., outputs thereof) can be used to validate the
model, validate the state estimator, predict a state of the
battery after operating the battery according to a load profile,
be used to inform, determine, and/or identify one or more
states to be determined by the state estimator, and/or can
otherwise be used. The simulation engine typically runs on
a remote computing system, but can run on a local comput-
ing system. The difference between the simulation engine
and the state estimator is that the state engine processes
measurements of the battery properties (e.g., in real time, in
near-real time, delayed processing, etc.) whereas the simu-
lation engine typically processes (e.g., uses as an input) a
digitally generated starting point. The digitally generated
starting point can be derived from or based on a measured
battery property or a prior state of the battery, but typically
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does not update as the battery properties change (as it would
then be a different simulation). Error in the battery property
can grow within the simulation according to a characterized
error function (e.g., associated with an error in the sensor
measurements). However, the simulation can include mea-
sured battery properties and/or otherwise be defined.

Inputs to the simulation can include: inputs to the state
estimator, a load profile (e.g., charging and discharging
profiles for the battery), a starting state (e.g., SoC, SoH,
DoD, etc.), operating condition scenarios (e.g., normal,
abnormal, etc.), and/or any suitable information. The start-
ing state is preferably determined from a battery system
state, but can be randomly or pseudorandomly generated, be
determined from a previous simulation, and/or otherwise be
determined. The inputs can be automatically or manually
determined. For example, a load profile can be determined
or derived from a map path (e.g., topology, distance, road
condition, average speed, instantaneous speed profile, etc.)
that the external system is expected or intended to traverse.
In another example, a load profile can be determined or
derived from measured or predicted (e.g., accesses from an
almanac, internet platform, etc.) weather patterns (e.g., wind
speed, wind direction, rain, sun, etc.). However, the inputs
can otherwise be generated.

The simulation engine can perform Monte Carlo simula-
tions, numerical modelling, numerical integration, a deter-
ministic method, Latin Hypercube Sampling, variational
techniques, finite difference methods, and/or can implement
any suitable techniques or methods.

The simulation engine preferably uses the model (e.g.,
selected model) from the model generator. However, the
simulation engine can use any suitable model. The simula-
tion engine and state estimator preferably use the same
model, but can use different models.

Outputs from the simulation can include any state (e.g.,
output of the state estimator), and/or any suitable outputs.
For example, a simulation can output a predicted state of a
battery system given an initial state, when the battery is
operated according to a given load profile.

In some embodiments, the simulation engine can be used
to explore the available state space of possible battery states
(particularly but not exclusively to explore states that would
not be safe to achieve in a laboratory, testing facility, and/or
field setting). These variants can be beneficial for generating
training data for determining or improving a model or state
estimator for predicting when anomalies can occur, when
maintenance is needed, when a warranty may be voided,
and/or provide benefits to other circumstances.

The validation engine 150 preferably functions to validate
the model and/or the state estimator, but can additionally or
alternatively validate inputs, measured data, the simulation
engine, and/or any suitable data or information. The model
and the state estimator are preferably each validated. How-
ever, only the model can be validated, only the state esti-
mator can be validated, neither the model nor the state
estimator can be validated, and/or any suitable data or
information can be validated. The model and/or state esti-
mator can be valid for a time span (e.g., a predetermined
amount of time, for as long as a validation criterion is
satisfied, etc.), indefinitely, and/or for any amount of time.
The validation engine can validate the model and/or state
estimator once; at predetermined times; at a predetermined
frequency; in response to a change or update to the model,
state estimator, battery, and/or other component; in response
to a request from an operator; in response to a request from
a regulatory body or agency; randomly or pseudo-randomly;
and/or at any time.
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The validation engine can receive (and/or use for valida-
tion): measured data (e.g., from sensors), simulated states
(e.g., from a simulation engine; simulated for previous states
of'the battery, simulated for a current battery state, simulated
for future battery states, etc.), estimated states (e.g., from a
state estimator; estimated for previous states of the battery,
estimated for a current state of the battery, estimated for a
future state of the battery, etc.), noise (e.g., measurement
noise), covariances (e.g., between states, between param-
eters, etc.), and/or any suitable data or information.

The model and/or state estimator can be validated when a
validation criteria is satisfied. Exemplary validation criteria
include: accuracy (e.g., model accuracy, state accuracy, a
threshold number of batteries or battery states having a
target accuracy, etc.), precision (e.g., a threshold number of
batteries or battery states having a target precision), a
difference between a simulated state and a measured state, a
correlation between a simulated state and a measured state,
a difference between an estimated state and a measured state,
a correlation between an estimated state and a measured
state, and a difference between an estimated state and a
simulated state, a correlation between an estimated state and
a simulated state, and/or any suitable validation criterion.

In a first illustrative example as shown for example in
FIG. 14A, a model can be validated based on a comparison
between historical states (e.g., measured states) of a battery
and a simulation performed with a similar (e.g., the same)
starting point and responsive to the same load. Conversely,
as shown for example in FIG. 14B, a model can not be
validated (or be invalidated) based on a comparison between
historical states of a battery and a simulation when the
historical states and the simulation do not match (e.g., differ
by greater than a threshold amount). In a second illustrative
example, a model can be validated when simulated states for
a threshold number of characterized batteries match (e.g.,
within a threshold, average difference less than a threshold,
maximum difference less than a threshold, etc.) the historical
states for analogous batteries. In a third specific example, a
state estimator can be validated when simulated states and
estimated states (e.g., estimated by propagating the current
state forward in time using the state estimator) match (e.g.,
within a threshold, average difference less than a threshold,
maximum difference less than a threshold, etc.). In a fourth
illustrative example as shown in FIG. 15, a state estimator
can be validated by comparing an estimated state and a
measured state for one or more battery (e.g., validating the
state estimator when the measured and estimated states
match within a threshold, an average difference is less than
a threshold, a maximum difference is less than a threshold,
etc.). In a fifth illustrative example, a first (validated) state
estimator can be used to validate a second state estimator. In
a first variation, the second state estimator can be derived
from or developed using the first state estimator, where the
determination of the second state estimator can be such that
the second state estimator retains a validity from the first
state estimator. In a second variation, the states estimated by
the first and second state estimator can be compared and
when the two estimated states match, the second state
estimator can be validated. However, the model and/or state
estimator can otherwise be validated.

The validation engine can be hosted by a remote com-
puting system (e.g., cloud computing system, an edge com-
puting system, distributed between an edge and a remote
computing system, and/or otherwise be distributed between
any suitable computing systems.

The communication module(s) 160 function to enable or
facilitate communication between two or more system com-
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ponents (e.g., sensors, batteries, computing systems, mod-
ules of the computing systems, etc.). The communications
modules can be wired or wireless. The communication
modules can include long-range communication modules
(e.g., supporting long-range wireless protocols), short-range
communication modules (e.g., supporting short-range wire-
less protocols), and/or any other suitable communication
modules. Exemplary communication modules include: cel-
Iular radios (e.g., broadband cellular network radios) such as
radios operable to communicate using 3G, 4G, and/or 5G
technology; Wi-Fi radios; Bluetooth (e.g., BTLE) radios;
NFC modules (e.g., active NFC, passive NFC); Zigbee
radios; Z-wave radios; thread radios; wired communication
modules (e.g., wired interfaces such as USB interfaces);
satellite radios; and/or any other suitable communication
modules.

4. Method.

The method can function to determine (e.g., estimate,
predict, simulate, etc.) a battery state (e.g., during and/or as
a result of operating the battery according to a load profile),
generate (and/or update) one or more models for determin-
ing the battery state, select a model from the one or more
models to use, validate the model(s) and/or a state estimator,
predict an occurrence of an anomaly, and/or can otherwise
function. The method is preferably performed using a sys-
tem as described above; however, the method can addition-
ally or alternatively be performed using a battery manage-
ment system and/or any suitable system.

The method and/or steps thereof can be performed in real-
or near-real time (e.g., during operation of an external
system and/or battery), prior to operation of an external
system and/or battery (e.g., immediately prior, with a time
delay, etc.), and/or can be performed after operation of the
external system or battery. The method and/or steps thereof
can be performed automatically and/or manually. Multiple
instances of the method can be performed simultaneously or
contemporaneously (e.g., in parallel) and/or sequentially.

The method and/or steps thereof can be performed for
every external system of a fleet of external systems, for a
subset of systems of the fleet (e.g., a medoid of one or more
clusters of systems within the fleet), for one or more
hypothetical battery systems (e.g., for artificial battery sys-
tems with parameters that are representative of a plurality of
battery systems of the fleet, as shown for example in FIGS.
10A and 10B, etc.), for test battery systems (e.g., to simulate
what would happen for a battery with a predetermined set of
properties), and/or for any suitable battery system(s). When
performed for a plurality of managed systems, the method
and/or steps thereof can be performed simultaneously, con-
temporaneously, iteratively (such as to update one or more
parameters, weights, operation properties, predictions, etc.
based on the feedback from estimates of other members of
the fleet), sequentially, and/or with any suitable timing.
When the method and/or steps thereof are performed for a
plurality of battery systems, the method and/or steps thereof
can be performed in the same or different manners for each
managed system.

In an illustrative example, the method and/or steps thereof
can be performed for a hypothetical managed system that
has typical properties (e.g., 50% percentile for one or more
properties, average properties, median properties, modal
properties, etc. for the fleet and/or for a cluster of managed
systems; properties associated with a centroid of a cluster of
managed systems; etc.). In a second illustrative example, the
method and/or steps thereof can be performed for a hypo-
thetical managed system with a predetermined set of prop-
erties (e.g., one or more properties at the 1%, 2”4 5% 10”
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20, 30™, 407, 507, 60”, 702, 80™, 907, 957, 98", 997,
etc. percentile for the fleet and/or for a cluster of managed
systems). In a third illustrative example, the method and/or
steps thereof can be performed using (measured or deter-
mined) properties for a managed system (with or without
creating a buffer around the values). In variations, the
method and/or steps thereof can be performed for multiple
managed systems where the results for one managed system
can impact, change, and/or otherwise be used to inform the
results for another managed system.

The method and/or steps thereof can be performed at a
predetermined frequency, with predetermined timing,
responsive to an input or request for method operation,
responsive to a trigger (e.g., change in the number of
systems in a fleet, change in a state or average state of
systems in the fleet, operator or user request for estimate,
etc.), randomly, and/or be performed with any timing. The
method and/or steps thereof can be performed with any
suitable frequency. For example, the method and/or steps
thereof can be performed one or more times a day (e.g., 1,
2, 4, 10, 20, 40, 100, 200, 400, 1000, 2000, 4000, 10000,
20000, 40000, >40000, values therebetween, etc. times per
day), one or more times a week, one or more times a month,
one or more times a year, one or more times a decade, and/or
with any suitable frequency.

Data and/or information used by the method and/or steps
thereof can be accessed from and/or the method and/or steps
thereof can be implemented using an application program
interface (API), a user interface, an external system inter-
face, a callback (e.g., a webhook, a programmatic callback,
etc.), a communication session, an application (e.g., a web
application), a dashboard, and/or any suitable interface can
be used. Exemplary APIs that can be used include: RESTful
APIs, HTTP-based APIs, and application layer APIs, and/or
any suitable API.

The method can include: characterizing one or more
batteries S100, generating one or more models S200, receiv-
ing battery measurements S300, determining battery state(s)
S400, updating the model(s) S500, transmitting the state(s)
Shoo, and/or any suitable steps.

Characterizing one or more batteries S100 functions to
generate characterization data that can be used to generate
one or more models (e.g., by measuring how battery prop-
erties are related to one another, by measuring how battery
properties change with time, etc.). S100 is preferably per-
formed in a controlled setting (e.g., a characterization facil-
ity, a laboratory, etc.), but can be performed in an uncon-
trolled or poorly controlled setting (e.g., in the field, during
battery operation, during external system operation, etc.). In
a specific example of battery characterization in a poorly- or
uncontrolled setting, a battery can be characterized while the
battery is connected to a charger (e.g., in a manner as
described below). S100 can be performed automatically
and/or manually. The batteries of the characterization set are
preferably substantially identical to (e.g., indistinguishable,
manufactured in the same facility, manufactured at about the
same time, manufactured to meet the same specifications,
etc.) batteries of external systems (e.g., operating in the
field). However, one or more characterization batteries can
be distinct from the batteries in use in the field (e.g., to test
an impact or improvement to a different battery design). The
batteries of the characterization data set are preferably
nondestructively characterized. However, one or more bat-
teries can be destructively characterized (e.g., subjected to
extreme loads; subjected to extreme conditions such as heat;
punctured; etc.).
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Characterizing one or more batteries S100 can addition-
ally or alternatively function to generate characterization
data for one or more sensor associated with the batteries. For
example sensor error and/or bias can be characterized.
However, any suitable battery or component properties can
be characterized.

The characterization dataset preferably includes battery
properties associated with a plurality of batteries (e.g., 2, 3,
4, 5, 10, 20, 30, 40, 50, 100, 200, 400, 1000, values
therebetween, more than 1000 batteries, etc.). However, the
characterization dataset can include battery properties asso-
ciated with a single battery, and/or any suitable number of
batteries. The battery properties can be characterized using
integrated sensors (e.g., a battery management system of the
battery), dedicated sensors, external sensors, be inferred
from measurements, characterization hardware 210, and/or
can otherwise be characterized. The battery properties are
preferably measured at the same rate as battery property
measurements are made during battery operation (e.g., out-
side of characterization). However, the battery properties
can be measured at a higher rate (e.g., to generate a more
complete dataset), at a lower rate, at a variable rate, and/or
at a rate that is not related to the battery property measure-
ment rate during battery operation.

In some embodiments, a plurality of characterization
datasets can be generated (e.g., received, measured, etc.).
Each characterization dataset can be associated with the
same characterization batteries (e.g., characterized accord-
ing to different battery profiles) or different characterization
batteries (e.g., different battery types, different battery
manufacturers, different battery properties, etc.). The plu-
rality of characterization datasets can be combined to form
a single characterization dataset (e.g., for use in generating
a model such as in S200) and/or the plurality of character-
ization datasets can be distinct or separate (e.g., each char-
acterization dataset can be used to generate a separate set of
models such as in S200). However, the plurality of charac-
terization datasets can otherwise be used and/or generated.

The characterization dataset preferably includes battery
properties over a time span. The time span is preferably at
least a month (e.g., 1 month, 6 weeks, 2 months, 3 months,
4 months, 6 months, 9 months, 12 months, 1.5 years, 2 years,
values therebetween, greater than 2 years, etc.), but can be
less than a month (e.g., 1 hour, 1 day, 3 days, 5 days, 1 week,
2 weeks, 3 weeks, 4 weeks, 1 month, values therebetween,
less than 1 hour, etc.). The characterization dataset prefer-
ably includes information regarding the battery properties
for every characterized battery property over the time span;
however, a subset of characterized battery properties can be
measured at different rates (e.g., leading to complete char-
acterization for a subset of characterized battery properties).
The characterized battery properties can include all battery
properties and/or any subset of battery properties. In a
specific example, the open circuit voltage, battery tempera-
ture, internal resistance (e.g., ohmic resistance, concentra-
tion resistance, etc.), state of charge, current, instantaneous
voltage, and/or entropic coefficient can be characterized.
However, any suitable battery properties can be character-
ized.

S100 can include: determining characterization profiles,
applying the characterization profiles, and measuring battery
properties. However, S100 can include any suitable steps.

Determining characterization profiles preferably includes
identifying or selecting loads to apply to the batteries during
characterization. The characterization profiles preferably
refer to a set of conditions that the characterization batteries
are subjected to, but can otherwise be defined. In general, the
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characterization profiles can include charging and discharg-
ing of the batteries. However, the characterization profiles
can additionally or alternatively include only battery charg-
ing, only battery discharging, open circuit conditions, and/or
to any suitable condition(s). The characterization profiles are
preferably associated with (e.g., derived from) operating
conditions of the battery and/or external system. The oper-
ating conditions can include: normal operating conditions
(e.g., average operating conditions, typical operating condi-
tions, preferred operating conditions, etc.), extreme operat-
ing conditions (e.g., specification limits, preferred operation
limits, limits accounting for rare or exceptional circum-
stances, etc.), extend beyond extreme operating conditions
(e.g., to characterize the battery response outside the oper-
ating conditions), and/or be any suitable operating condi-
tions. However, the characterization profiles can be inde-
pendent of the operating conditions, and/or otherwise be
related to the operating conditions. As an illustrative
example, characterized batteries can be operated over a
range of states of charge greater than the range of states of
charge that are expected during the operation of the battery.
For instance, if the normal operating range for the battery is
expected to be between 40-60% state of charge (where the
state of charge can be the initial state of charge of the battery,
a current state of charge of the battery, an end-of-life state of
charge, etc.), one or more batteries can be characterized over
a state of charge between 0-100% (or limited ranges con-
tained therein such as 20-90%, 40-80%, 20-80%, 40-90%,
40-100%, 20-100%, 10-100%, 40-60%, etc.). In some varia-
tions, the characterization load can include microcycling
(e.g., cycling the battery over a narrow range of charges and
discharges such as +0.1%, +0.5%, £1%, £2%, £5%, £10%,
etc.; over a narrow voltage range such as +0.01V, £0.02V,
+0.05V, 0.1V, 0.2V, £0.5V, =1V, etc.; over a narrow
current range; etc.), which can function to quickly charac-
terize a battery within the range of battery properties and/or
enable high quality data is available for the battery property
ranges.

The characterization profiles can include (e.g., set or
measure battery properties as a function of or in response
t0): an amount of energy to release or store, an amount of
charge to charge or discharge, a rate of change for the energy
or charge, higher order derivatives (with respect to time) of
the energy and/or charge, a duration of applying character-
ization profiles, an environmental temperature of the battery
and/or external system, an environmental humidity proximal
the battery (and/or external system), environmental pressure
(e.g., vacuum, atmospheric pressure, pressure less than
atmospheric pressure, pressure greater than atmospheric
pressure, etc.), mechanical conditions (e.g., shock, vibra-
tions, etc.), and/or any suitable conditions.

The conditions of the characterization profile can be
periodic, aperiodic, quasiperiodic, constant, and/or have any
suitable periodicity. Exemplary periodic characterization
profiles (particularly but not exclusively relating to charging
and/or discharging) can include: triangle pulses, sinusoidal
pulses (e.g., sine, cosine, cas, cis, versine, vercosine, cov-
ersine, covercosine, haversine, havercosine, hacoversine,
hacovercosine, magnitude of sine, tangent, cotangent,
secant, cosecant, etc.), sawtooth pulses, square pulses,
cycloid pulses, trochoid pulses, elliptic functions, and/or any
suitable profiles.

The characterization profiles can be chirped profiles (e.g.,
a superposition of two or more profiles occurring contem-
poraneously, simultaneously, within a predetermined time
window, etc.), nonchirped, burst profiles, continuous pro-
files, and/or any suitable profiles. Using chirped character-
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ization profiles can speed-up the rate of characterization
acquisition (e.g., enable a larger span of the battery proper-
ties to be measured in a given time relative to using non
chirped profiles). The chirp can be a linear chirp, nonlinear
chirp (e.g., sinusoidal, polynomial, exponential, etc.), and/or
any suitable chirp. In some variants, the characterization
profiles can be amplitude modulated (e.g., in addition to or
alternative to the frequency and/or phase modulated chirped
profile).

In some embodiments, the characterization profile can be
informed by (e.g., selected based on, updated based on, etc.)
battery properties measured or estimated for batteries oper-
ating in the field (e.g., batteries that are not included in the
characterization batteries) and/or model updates (e.g., as
described in S500). In these embodiments, the characteriza-
tion profile can be informed (e.g., chosen, updated, etc.)
using machine learning (e.g., a neural network), a gradient-
descent approach, simulated annealing, a Gaussian process
model, stochastic gradient descent, nonlinear conjugate gra-
dient, Levenburg-Marquette algorithm, and/or any suitable
technique. In these embodiments, the characterization pro-
file can be updated (e.g., optimized) based on: a character-
ization time (e.g., amount of time necessary to characterize
the batteries according to the characterization profile,
amount of time to generate a model, etc.), model training
time, a model parameter variance, a model error, model
update time, and/or any suitable information. The informed
characterization profile can have an improved range of test
values within the profile, change the conditions that the
battery is exposed to, change the chirp (e.g., characterization
profile duration, change the pulse shape, change a modula-
tion, etc.), change the battery measurements, and/or other-
wise change or modify the properties of the characterization
profile. In an illustrative example, when operated batteries
(e.g., states estimated for operated batteries) show limited
response to a change in temperature, temperature can be
deprioritized as a variable during characterization. In a
related example, as batteries age the characterization profile
can be modified to inform characterization of specific
aspects of the aging battery.

Each battery of the plurality of characterized batteries can
be characterized in the same manner or different manners.
For example, two batteries can be characterized according to
out of phase characterization profiles. In a second example,
each battery can be characterized with a different phase for
the characterization profiles. In a third example, each battery
can be characterized over a different range of battery prop-
erties. For instance, a first battery can be characterized over
a range of state of charges between about 40-60%, a second
battery can be characterized over a range of state of charges
between about 30-70%, and so on. In a fourth specific
example, each or a set of characterization batteries can be
operated according to the same or similar characterization
profiles at the same or different environmental conditions
(e.g., temperature, pressure, humidity, illuminance, etc.).
However, the plurality of characterized batteries can be
characterized according to any suitable characterization pro-
file(s).

Applying the characterization profiles preferably func-
tions to subject the batteries of the characterization batteries
to a characterization profile. The characterization profiles
can be applied automatically (e.g., using robotics to connect
the battery to a circuit, applying the characterization profile
to the battery, etc.) and/or manually. Applying the charac-
terization profiles preferably includes connecting the batter-
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ies to a circuit (e.g., including a sensor, load, power source,
etc.) and charging (or discharging) the battery according to
the characterization profile.

In some variants, applying the characterization profiles
can include holding one or more conditions substantially
constant (e.g., varying by less than about 0.1%, 0.5%, 1%,
5%, 10%, etc.). In these variants, the conditions can actively
or passively be held constant. For example, a sous vide (e.g.,
a thermal bath, a temperature regulation loop, etc.) can be
used to decrease (e.g., minimize) the variation of a tempera-
ture of the battery during characterization. In a second
example, the batteries can be characterized within a chamber
with controlled environmental conditions (e.g., lighting,
humidity, pressure, etc.). However, the conditions can be
uncontrolled (e.g., allowed to vary naturally, forcibly
changed, etc.) and/or be controlled in any manner.

Measuring the battery properties functions to determine
the battery properties for the characterization batteries. The
characterization battery properties can be measured before,
during, and/or after applying the characterization profile
conditions. The battery properties can be measured using
sensors (e.g., battery management systems), test equipment,
and/or using any suitable system. The battery properties can
be measured at a frequency between about 1 Hz and 1000
Hz. However, the battery properties can be measured at a
frequency less than 1 Hz or greater than 1000 Hz. Examples
of testing equipment include: electrochemical impedance
spectroscopy (EIS), galvanostatic intermittent titrators, calo-
rimeters, hydrometers, sensors, and/or any suitable test
equipment.

In a first illustrative example, EIS can be used to char-
acterize an internal temperature of the battery. In a second
illustrative example, EIS can be used to characterize
entropic heating of the battery. In a third illustrative
example, galvanostatic intermittent titration techniques can
be used to characterize a battery resistance (e.g., ohmic
resistance) and/or a diffusion coefficient.

In variants, measuring battery properties can include
determining battery properties that are static (e.g., invariant
and/or substantially invariant over time). Static battery prop-
erties can be measured by inspection (e.g., taking apart a
battery pack), by performing physical modeling of the
battery, by single time point measurements of the battery,
using characterization profiles, from a manufacturer or
operator specification sheet, using one or more sensors to
characterize the battery, determining the battery properties
based on the battery response to the characterization profile,
and/or otherwise determining static battery properties. As an
illustrative example, a cell thermal mass can be measured
using calorimetry. However, any suitable battery property
can be measured in any suitable manner.

In some embodiments, characterizing one or more batter-
ies can include performing anomaly characterization for one
or more batteries. Anomaly characterization can include
operating the batteries in conditions expected or predicted to
cause or lead to an anomaly, operating the battery(s) in
atypical conditions (e.g., with anode, cathode, and/or elec-
trolyte exposed to an external environment), and/or other
suitable conditions. For example, swelling experiments and/
or electrode fracture experiments can be performed.

In some embodiments, as shown for example in FIG. 4,
characterizing batteries can include, for each battery of a set
of characterization batteries: physical battery characteriza-
tion S120 (e.g., physics based characterization to measure
battery properties particularly physical properties) and itera-
tively performing: battery aging S140 (e.g., applying a
battery aging cycle spanning a range battery properties such
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as depth of discharge, temperature, charge rate, etc.) and
battery recharacterization S160 (e.g., physical battery char-
acterization) and/or golden sequence characterization S180
(e.g., a blind characterization sequence for model, state
estimator, and/or algorithm performance testing, where the
blind characterization sequence can include testing a battery
and comparing the measured battery properties to an esti-
mated or predicted battery response). The battery aging
(characterization) and recharacterization and/or golden
sequence characterization can be repeated a predetermined
number of times (e.g., a target number of cycles), until the
battery capacity is at most a threshold battery capacity, for
a predetermined length of time (e.g., 1 hour, 1 day, 1 week,
1 month, 1 year, etc.), until an anomaly occurs, and/or until
any suitable criterion is meet.

In a first illustrative example, a characterization profile
can include: discharge the battery (or a cell thereof) at a first
rate (e.g., a slow rate such as I=C/(50 h)), resting the battery
for a rest period (e.g., between 5 minutes and 100 hours),
charging the battery (or cell thereof) at a second rate (e.g.,
the same or a different rate as the battery was discharged),
and optionally repeating the cycle of discharging and charg-
ing the battery with periods of rest in between. In this
example, the open circuit voltage can be determined by
averaging the charge and discharge voltage. In this specific
example, the internal resistance can be determined accord-
ing to R, (s)=I/(U(s)-V(s)). Variations of this illustrative
example can be performed at different temperatures to
determine the open circuit voltage and/or R,,,, as functions of
temperature. Variations of this illustrative example can be
performed at different battery lifetimes (e.g., ages) to deter-
mine the open circuit voltage and/or R,,, as functions of
battery age.

In a second illustrative example, a characterization profile
can include: discharge the battery (or a cell thereof) at a first
rate (e.g., [=C/(1 min), C/(5 min), C/(10 min), C/(20 min),
C/(1 hr), C/(2 hr), C/(5 hr), C/(10 hr), C/(24 hr), C/(48 hr),
C/(100 hr), C/(1 week), etc.), charging the battery (or cell
thereof) at a second rate (e.g., the same rate as the battery
was discharged, a slower rate than the battery was dis-
charged, a faster rate than the battery was discharged, etc.),
and optionally repeating the cycle of discharging and charg-
ing the battery. In this example, the internal resistance can be
determined according 0 R,,,, o7nic(S)+R ;7. cone(8,D=1/(U(s)-
V(). Riucone (S,1) can be determined by repeating the
charging and discharging at different currents 1. Variations of
this illustrative example can be performed at different tem-
peratures to determine R,,, .. as functions of temperature.
Variations of this illustrative example can be performed at
different battery lifetimes (e.g., ages) to determine R,
as functions of battery age.

In a third illustrative example, batteries can be character-
ized using calorimetry to determine a cell and/or battery
thermal mass.

In a fourth illustrative example, a state of charge of a
battery can be characterized according to a voltage method,
for instance, using a known discharge curve for the battery.
As the voltage can change or depend on the temperature
and/or the battery’s current (e.g., because of electrochemical
kinetics), the state of charge is generally characterized by the
voltage method after a rest of at least 4 hours since charging
or discharging the battery. However, the state of charge of
the battery can be characterized using a chemical method
(e.g., based on a specific gravity or pH of an electrolyte as
measured using a hydrometer, refractometer, etc.), using
current integration, a pressure method, and/or using any
suitable method.
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In a fifth illustrative example, a characterization profile
can include a pulsed characterization (e.g., DC pulse current
signal such as pulse power tests or Hybrid Pulse Power
Characterization (HPPC) tests; AC current signals such as
electrochemical impedance spectroscopy (EIS); using pulse-
multisine measurements; etc.). In this illustrative example,
the pulsed characterization can be used to determine a
resistance of the battery (e.g., internal resistance), a resis-
tance of a modeled subcomponent (e.g., an internal resis-
tance due to one physical component such as a cell, wall,
interface, air gap, etc.), a relaxation behavior of the battery
and/or component thereof (e.g., a capacitance of the battery),
and/or any other parameters (e.g., equivalent circuit param-
eters) of the battery or its subcomponents. However, the
pulsed characterization can otherwise be used.

However, the batteries can be characterized in any man-
ner.

Determining one or more models S200 functions to
generate one or more battery models. The battery models are
preferably generated using model data. The model data
preferably includes the characterization dataset (e.g., gen-
erated in S100), but can additionally or alternatively include
data from batteries operated in the field (e.g., historic data,
data from ongoing measurements such as those in S300,
etc.), data acquired by a battery manufacturer, from data for
different battery types or classes, and/or any suitable data.
S200 is preferably performed by a model generator (e.g., of
a cloud computing system), but can be performed by any
suitable module or component. S200 is preferably per-
formed after S100, but can be performed at the same time as
S100, before S100 and/or at any suitable time.

The one or more models can be formed by fitting the
model data, using machine learning, joint parameter refine-
ment, and/or otherwise determining one or more model
terms. The one or more models can be determined automati-
cally (e.g., without operator intervention) and/or manually.
For example, a model dataset can be automatically fit to a
predetermined parameterization of or for a model. The
model dataset can be fit using a least-squares approach, a
weighted least squares approach, a linear least squares
approach, a non-linear least squares approach, least absolute
deviations approach, M-estimation approach, and/or using
any suitable approach.

The set of one or more models are preferably modular
(e.g., able to be switched from one model to another model
within the set), but can be non-modular (e.g., difficult to or
unable to switch from one model to another model within the
set), and/or have any suitable property. In a first variation,
S200 generates a battery model specific to the battery (e.g.,
battery pack, cell, system, etc.), wherein the output battery
state predictions are provided to generic analysis models for
monitoring and analysis. In a second variation, S200 gen-
erates a different model for each battery-analysis combina-
tion (e.g., for all battery states, for a specific set of battery
states, etc.).

The parameterization for a model can be determined
automatically and/or manually. For instance, the open circuit
voltage can (automatically) be parameterized as a function
of state of charge, temperature, and/or age. In a second
example, a machine learning algorithm (e.g., a neural net-
work) can be used to determine or select a parameterization
for a model dataset. However, the model dataset can be
parameterized in any suitable terms. Similarly, the func-
tional form of the parameterization can be automatically
and/or manually determined (e.g., at the same time as the
parameterization, in the same or different manner as the
parameterization).
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Fitting the model dataset can include determining param-
eters associated with a given parameterization. In some
variants, determining the parameters can determine the
functional form for the parameterization (e.g., a polynomial
order can be determined by the fit). The parameters can be
estimated using: probability plotting, rank regression (e.g.,
approaches like a least-squares approach, a weighted least
squares approach, a linear least squares approach, a non-
linear least squares approach, least absolute deviations
approach, M-estimation approach, etc.), maximum likeli-
hood estimation, Bayesian estimation methods, and/or using
any suitable method(s).

In some variants, each model can be fit using a different
approach, using a different parameterization (e.g., a different
test parameterization, different functional form of the
parameterization, etc.), and/or in any suitable manner.

The models can be determined using characterization
measurements (e.g., from S100°s physical characterization),
from simulated data (e.g., from S100’s simulation), and/or
using other data. In one example, physical battery models
(e.g., thermal models, electrical degradation models, elec-
trothermal models, circuit models) are determined based on
the characterization measurements. The physical battery
models are then used to simulate battery responses (e.g.,
predict new battery states) given scenarios of different types
(e.g., normal, abnormal, etc.). The input battery state, output
battery state, and optionally the scenario type label can then
be used to train analysis models (e.g., anomaly detection
models, planning models, warranty status models, etc.). For
example, an anomaly detection model can be trained using
the output battery state and the scenario type label as training
targets. In a second example, a depth of cycle planning
model can be trained using the depth of cycle from the
simulation’s input battery state as a training target. However,
the analysis models can be otherwise determined.

S200 can include selecting a model from a plurality of
models S220, validating one or more models S240, and/or
any suitable steps.

Selecting the model S220 from a plurality of models
functions to choose a model for use in state estimation
and/or state simulation for a battery. The model can be
selected automatically or manually. The model can be
selected based on: an accuracy of the model, a speed of the
model, a validation of the model, a processing power
necessary to run the model, a frequency of model updates,
a time between model updates, an ability of a model to
predict one or more anomalies, an application or operation
of the battery or external system, an operator preference,
and/or any suitable information or trigger. By way of
example, for a satellite system, a model that parameterizes
or accounts for the effects of pressure (e.g., vacuum) in one
or more terms can be selected or preferred. However, any
suitable model can be selected.

Validating the model(s) S240 functions to ensure that a
model produces valid results. Each model can be validated,
the selected model can be validated, a subset of models can
be validated (e.g., any model that meets or exceeds a
validation criterion can be validated), and/or any suitable
model(s) can be validated. The model(s) are preferably
validated using a validator (e.g., of a computing system), but
can be validated by any suitable computing system compo-
nent and/or any suitable component.

The models can be validated using a validation dataset.
The validation dataset can include: the characterization
dataset, a subset of the characterization dataset, a historic
dataset (e.g., for battery operation in the field), and/or any
suitable dataset.
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The model(s) are preferably validated when they at least
meet a validation criterion. Exemplary validation criterion
can include: a model accuracy, a model speed, a model
computation time, model performance, a threshold differ-
ence between the validation dataset and a battery state
simulated according to a model, a threshold match between
the validation dataset and a battery state simulated using the
model, and/or any suitable criterion can be applied.

In an illustrative example, validating a model can include
comparing a simulation of a battery state (e.g., a battery state
of charge) with measurements of the battery state from a
battery with similar starting conditions and load profile. The
battery was preferably not included in the characterization
set (e.g., the measurements were not used to generate the
model); however, the battery could be in the characterization
battery set. When the simulation of the battery state and the
measurements match (e.g., agree within a threshold, maxi-
mum absolute difference between the two is at most a
threshold, etc.), the model can be validated.

However, the model(s) can otherwise be validated.

Receiving battery properties S300 functions to receive
measurements for one or more battery properties for a
battery. In general, the battery is not in the characterized
battery set, but preferably shares characteristics (e.g., make,
model, battery pack design, etc.) with the characterized
battery set; alternatively, the battery can be completely
different. However, the battery can be a characterized bat-
tery. The battery can refer to an actual battery and/or a
characteristic battery (e.g., a characteristic battery represent-
ing a cluster of batteries from a battery fleet). The battery
properties are preferably measured using a sensor (e.g., a
sensor integrated into the battery), but can be measured
using any suitable sensors or other instruments. The battery
properties can be measured while a battery is in operation,
before the battery is used to perform an operation (e.g.,
immediately prior to, a predetermined time before, etc.),
after the battery has been used for an operation (e.g.,
immediately after, a predetermined time after, etc.), and/or
with any suitable timing. The battery properties can be
received from the sensor, from a storage module (e.g.,
memory) of the computing system, and/or from any suitable
source.

In some embodiments of S300, the battery properties
(particularly those measured using sensors) can be processed
for instance using a soft sensor. In an illustrative example,
peaks (e.g., spikes) in the battery property measurements can
be identified and processed (e.g., counted). The readings
from or processed by the soft sensor can be used, for
example, to monitor the battery (e.g., with or without a full
state estimation), as a trigger or indication for a need for
model updates (e.g., as a trigger to perform an instance of a
slow model), as training data (e.g., for model generation, for
model validation, for state generation, etc.), be used as an
input to the state estimator, and/or otherwise be used.

Determining the battery state S400 functions to calculate,
estimate, generate, and/or otherwise determine the battery
state (e.g., current battery state, future battery state, previous
battery state, etc.) for a given battery. The battery state can
be determined using a state estimator, a simulation engine,
and/or any suitable component. The battery state can be
determined at a local computing system and/or a remote
computing system. The battery is typically not a battery
from the characterization set of batteries, but the battery can
be from the characterization set of batteries. S400 preferably
uses battery properties (e.g., measured in S300, determined
from the battery fleet or a subset thereof, etc.) and a load
profile (e.g., predicted load profile, historic load profile for
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a route or external system operation, manually generated
load profile, automatically generated load profile, etc.) to
determine the battery state. However, the battery state can be
determined using any suitable inputs to the state estimator.

The state estimator and/or simulation engine preferably
uses the selected model (e.g., from the models generated in
S200), but can use a plurality of models (e.g., to determine
a plurality of battery states, where a final battery state can be
determined by combining such as averaging the plurality of
battery states), and/or any suitable model. The model can be
generated (and/or selected) in real- or near-real time (e.g.,
S200 can be performed in succession with or within a
predetermined time of S400), accessed from a storage mod-
ule, be hard-coded into the state estimator, transmitted to the
state estimator, and/or otherwise be generated.

The battery state can be determined for a given battery or
external system, a set of batteries or battery systems of a
fleet, a representative battery (e.g., a medoid, median,
modal, extrema, etc. battery of the fleet or a cluster or
grouping of batteries thereof), a hypothetical battery or
external system, and/or for any suitable battery or external
system. The hypothetical battery or external system prefer-
ably has properties that are representative of one or more
batteries of the fleet. In a first example, the hypothetical
battery can have typical properties (e.g., 50% percentile for
one or more properties, average properties, median proper-
ties, modal properties, etc. for the fleet and/or for a cluster
or subset of battery or external systems; properties associ-
ated with a centroid of a cluster of managed systems; etc.).
In a second illustrative example, the hypothetical battery
and/or external system can have a predetermined set of
properties (e.g., one or more properties at the 1%, 2%, 5%,
loth, 20th, 30th, 40th, Soth, 60th, 70th, Soth, 90th, 95th, 98th,
99 etc. percentile for the fleet and/or for a cluster of battery
or external systems). In a third illustrative example, the
method can be performed using (measured or determined)
properties for a battery or external system (with or without
creating a buffer around the values).

The battery state can be determined in real- or near-real
time (e.g., during operation of the battery or external sys-
tem), prior to operation of the battery or external system
(e.g., using a previously measured or determined battery
state and/or set of battery properties), after operation of the
battery or external system (e.g., to validate and/or provide
additional validation data for the model or state estimator),
and/or with any suitable timing.

The battery state can optionally be scaled to or by the
received battery properties (e.g., as received in S300), the
initial battery properties (e.g., battery properties at the
beginning of life), the final battery properties (e.g., the
battery properties predicted or anticipated at the end of life
of the battery), and/or any suitable battery properties.

The state estimator is preferably a validated state estima-
tor (e.g., validated by a validation engine), but can be an
unvalidated state estimator, a previously validated state
estimator, and/or any suitable state estimator. The state
estimator can be validated by (e.g., validating the state
estimator S260 can include): comparing a result of an
unvalidated state estimator to a validated state estimator,
using a validated state estimator to generate a state estimator
(e.g., where the generated state estimator can have a validity
conferred by the validated state estimator, where the vali-
dated state estimator can estimate the validity or quality of
the generated state estimator, etc.), comparing estimated
battery states (e.g., determined using the state estimator) for
a battery to historic battery states (e.g., measured battery
states) for the battery, determining whether a validation
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criterion (such as an accuracy of the battery state, a precision
of the battery state, a speed of the state estimator, etc.) is
satisfied, comparing a simulated battery state (e.g., deter-
mined by a simulation engine using a validated or not
validated model) and an estimated battery state (e.g., deter-
mined using a state estimator), and/or the state estimator can
otherwise be validated. The state estimator can be validated
indefinitely, until the state estimator is updated (e.g., in
S500), for a predetermined amount of time, until a quality of
the battery states generated by the state estimator fall below
a validation metric, until the state estimator no longer meets
the validation criterion, and/or for any suitable time or
responsive to any suitable criterion. In an illustrative
example, when an estimated state and a simulated state
match (e.g., within a threshold of each other, a maximum
absolute difference less than a threshold, etc.), the state
estimator can be validated. In a second illustrative example,
when an estimated state and a measured state (e.g., historic
state, current state compared to a forward propagated esti-
mated state, etc.) match (e.g., within a threshold of each
other, a maximum absolute difference less than a threshold,
etc.), the state estimator can be validated. However, the state
estimator can otherwise be validated.

In a first specific example, the battery state can be
determined by an unscented Kalman filter processing battery
properties. In a second illustrative example the parameters
associated with a Kalman filter can be determined from a
look-up table (e.g., where the Kalman filter parameters can
be identified based on the battery properties). In the second
illustrative example, the Kalman filter can use the deter-
mined parameters (and the battery properties) to determine
the battery state. However, the battery state can be deter-
mined in any manner.

In an illustrative example, the input battery properties can
include: temperature (e.g., internal temperature, surface
temperature, etc.), current, voltage, resistance (e.g., total
resistance, ohmic resistance, concentration resistance, etc.),
and/or state of charge of the battery. In this illustrative
example, the battery state can include: battery properties
(e.g., filtered or actual values for input or other battery
properties), battery state of health, one or more anomaly
states (e.g., a state that is correlated with and/or predictive
of occurrence of an anomaly), one or more model param-
eters (e.g., active model parameters), an error for one or
more other states, and/or any suitable outputs. In a variation
on this illustrative example, the input battery properties can
include battery properties associated with a plurality of
batteries from the fleet. In this variation, the battery state of
one or more batteries (e.g., batteries of the fleet) can be
output. However, any suitable inputs and/or outputs can be
used.

Updating the model(s) S500 preferably functions to
update one or more of the generated models (e.g., generated
in S200). In particular, the selected model is updated;
however, any model(s) of the set of models can be updated.
The models can be updated by the state estimator, the model
generator, an operator, and/or any suitable computing sys-
tem or component. The updated models can be determined
at the local computing system and/or a remote computing
system. S500 can be performed at the same time as, before,
and/or after S400.

The model(s) can be updated: at a predetermined time, at
a predetermined frequency, when model updates are avail-
able, during battery charging, during battery operation,
when a model update criterion is met, randomly, pseudo-
randomly, when new battery properties are measured or
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received, and/or with any suitable timing. The model(s) can
be updated automatically and/or manually.

A model update criterion (e.g., condition or criterion upon
in response to which the model can be updated) can include:
an accuracy of the model, a change in the application or
operation of the battery or external system, a change (e.g.,
increase or decrease) in the processing power of the com-
puting system running the state estimator (or simulation
engine), new models being generated, a model no longer
being validated, new states being identified, a threshold
battery property (e.g., when a battery achieves a predeter-
mined age, the model can be changed), a threshold change
in model parameter, and/or for any suitable criterion.

The model(s) are preferably updated seamlessly (e.g.,
with a downtime where the model cannot be used to deter-
mine the state is less than a threshold downtime, without
being perceived by the operator, etc.). However, the
model(s) updates can be nonseamlessly (e.g., perceivable to
an operator), and/or otherwise occur. In a specific example,
the models can be updated when the battery is substantially
inoperable (such as while the battery is charging).

Updating the models can include: changing (e.g., updat-
ing, modifying, etc.) one or more parameters of the model,
changing (e.g., updating, modifying, etc.) the parameteriza-
tion of the model, switching the model for a different model
(e.g., changing from a first submodel to a second submodel),
and/or otherwise updating the model. In an illustrative
example, updating the model can include changing a model
parameter to a model parameter determined by the state
estimator. In a variation of this example, the model param-
eter can be changed when the model parameter determined
by the state estimator differs from the previous model
parameter by a threshold amount (e.g., 0.001%, 0.01%,
0.05%, 0.1%, 1%, 2%, 3%, 5%, 10%, 20%, 50%, 100%,
200%, 500%, 1000% values therebetween, etc.). However,
the models can be updated in any manner.

Embodiments of S500 can include updating the model on
a plurality of differing time scales (as shown for example in
FIG. 6). For example, the models can be updated on a fast
time scale (e.g., milliseconds to hours) and a slow time scale
(e.g., hours to years). In general, the model updates on
different time scales change different sets of parameters;
however, the model updates on different time scales can
change the same set of model parameters. Alternatively
phrased, different model updates (e.g., time scales) generally
have different, but can have the same, active and inactive
parameters. The model updates (e.g., updated model param-
eters) on differing time scales can be determined using the
same update source (e.g., the same state estimator) or
different source (e.g., different state estimators).

Slower or less frequent model updates are generally
performed using additional data (e.g., from other batteries,
from sensors or data sources with high latency, infrequent
data sources, etc.) relative to faster or more frequent model
updates. However, the slower or less frequent model updates
can be performed using the same or less data than the faster
or more frequent model updates (e.g., when the slower
model updates are determined using a more computationally
intensive or slower state estimator than the faster model
updates). In an illustrative example, the slower or less
frequent model updates can be determined at a cloud com-
puting system and the faster or more frequent model updates
can be determined by the edge computing system. However,
the slower model updates can be performed while the battery
is charging, on the edge computing system, and/or at any
computing system. Similarly, the faster model updates can
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be performed while the battery is charging, on the cloud
computing system, and/or at any suitable computing system.

Embodiments of S500 can include receiving (e.g., down-
loading) a new set of model parameters (e.g., where the
previous model parameters are updated to the new set of
model parameters). These embodiments can be particularly,
but not exclusively, beneficial when a battery changes (e.g.,
one or more batteries of the fleet are changed to a new
battery such as a new battery type, a new battery manufac-
turer, etc.) and can enable the models to be updated with few
or no changes to the code (e.g., state estimator, simulator,
algorithm, etc.). In these embodiments, the new set of model
parameters are preferably derived from characterized bat-
teries that are similar to or the same as the new batteries.
However, the new set of model parameters can otherwise be
derived. The new set of model parameters can be determined
in real- or near-real time (e.g., according to S400), be
predetermined (e.g., in S200 such as using a characterization
of a second set of characterization batteries), and/or can
otherwise be determined. The new set of model parameters
can be automatically received (e.g., when a battery changes)
and/or be received manually (e.g., an operator or fleet
manager request). In variants of these embodiments, the new
model parameters can be used to determine (e.g., test) an
impact (e.g., performance, lifetime, cost, etc.) of changing
batteries.

Transmitting the battery state Shoo functions to transmit
the battery state to a battery or fleet operator. Shoo is
preferably performed after S400, but can be performed at the
same time as S400 and/or before S400 (e.g., to transmit a
past battery state). The battery state can be transmitted to an
operator device 400 (e.g., smart phone, smart device, com-
puter, laptop, etc.), display, and/or to any suitable device.
The current battery state, a future battery state (e.g., simu-
lated battery state, forward-estimated battery state, etc.),
and/or historic battery state can be transmitted.

Transmitting the battery state can include: displaying the
battery state (and/or any suitable states thereof), operating
the external system based on the battery state, providing
recommended or updated operation instructions for an exter-
nal system (e.g., providing a recommend operator profile
such as aggressiveness, defensiveness, etc.; a load profile; a
path; an operation time; an operation order; stops to make;
an acceleration profile; a velocity profile; a timing for
performing state estimation; charging time; extent of charg-
ing before operation; charge rate; etc.), informing battery
design and/or selection (e.g., the types and/or number of
sensors; the data acquisition rate; the anode, cathode, elec-
trolyte, and/or separator; cell size, cell arrangement, cell
number, etc.; pack size, pack geometry, thermal interfaces
between cells, between the pack and the external system,
etc.; etc.), issuing a flag or warning for an anomaly, and/or
otherwise process or operate on the battery state.

Transmitting the battery state can include: determining a
probability or risk of an anomaly occurring, determining a
probability or risk for an insurance event, determining a
probability or risk of maintenance being necessary or rec-
ommended, and/or otherwise determining a probability of
rare events. The rare events are generally determined using
states or combinations of states that were identified (e.g.,
trained on) datasets including the occurrence of the rare
events (e.g., actual events, simulated events, etc.). However,
the rare events can be determined based on any suitable
states. A flag (or other message such as a visual, textual, or
audio message) indicating the rare event can be issued when
the probability of the rare event exceeds a threshold (e.g.,
operator set threshold, predetermined threshold probability
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such as 1%, 2%, 5%, 10%, 20%, 25%, 30%, 50%, 70%,
75%, 80%, 90%, 95%, 99%, etc.), and/or in any suitable
circumstance. In some variants, when the probability of a
rare event exceeds a threshold, the method can include
operating the external system (e.g., stopping the external
system, changing operation properties of the external sys-
tem, etc.) to decrease the probability of the rare event from
occurring.

5. Specific Examples

In a first example, battery states can be used to retire
batteries at (true) end of life, to maximize useful work, or to
maximize battery (or external system) resale value.

In a second example, battery states can be used to trigger
maintenance or shutdown for one or more battery or external
systems.

In a third example, battery states can be used to verify
functionality or degradation state of a used battery.

In a fourth example, battery states can be used to predict
pricing (e.g., based on remaining useful life under relevant
conditions) for a used battery.

In a fifth example, battery states can be used to infer
expected load profile of one or more vehicle drivers (e.g.,
based on driving or riding style) and use the inferred load
profile to estimate vehicle range.

In a sixth example, battery states can be used to infer
expected load profile of one or more energy storage systems
(e.g., based on historical use case data) and use the inferred
load profile to determine how to operate the battery or
external system to optimize use or minimize asset deprecia-
tion.

In a seventh example, battery states can be used to
determine (e.g., optimize) operation parameters for the
external system based on expected degradation and condi-
tions.

In an eighth example, battery states can be used to
determine a battery pack design (e.g., cell placement, heat
transfer coefficient, geometry, temperature sensor place-
ment, etc.) for the battery or external system based on
specified operation tolerances.

In a ninth example, battery states can be used to determine
a battery pack load profile and usage algorithms given a
specified application (e.g., Unmanned Aerial Vehicle, Tele-
com Asset, Satellite, etc.).

In a tenth example, battery states can be used to determine
a battery charge profile (e.g., including “fast charging” or
“extra fast charging”) given a specified application (e.g.,
Unmanned Aerial Vehicle, Telecom Asset, Satellite, etc.).

In an eleventh example, battery states can be used to
identify changes to cell charge or discharge processes to
optimize for one or more of: mass, volume, instantaneous
power, total energy stored, and calendar life.

In a twelfth example, battery states can be used to design
battery cells or packs (e.g., determine now to place tem-
perature sensors, other components, materials, etc.).

In a thirteenth example, battery states can be used to
evaluate sensitivity of a battery control system to detecting
abuse conditions.

In a fourteenth example, battery states can be used to
evaluate safety of a battery control system.

In a fifteenth example, battery states can be used to
determine (e.g., optimize) performance of a communication
system (e.g., ground communication, satellite communica-
tion) that is powered by a solar system coupled to a battery
storage array. Communication system power consumption
(e.g., transmission power, bandwidth, etc.) and depth of
charge configuration can be optimized based on expected
solar generation (e.g., satellite orbit data, weather data, etc.).
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In a sixteenth example, battery states can be used to
determine (e.g., optimize) control of the battery or external
system based on local temperature or weather conditions for
work performed using a distributed grid storage or cell
network environment. Financial value of grid tasks per-
formed by a fleet of batteries can be optimized based on
present and predicted battery degradation.

In a seventeenth example, battery states can be used to
assign battery tasks of varying intensity or other varying
qualities (e.g., length, distance, power required, etc.) to
multiple systems in a fleet where those systems have dif-
ferent output values. For example, by using battery states to
determine the most appropriate task for each system to
perform to minimize its expected degradation or maximize
the value of the task done (either at the individual system
scale, at the cluster of systems scale, and/or at the fleet
scale).

In an eighteenth example as shown in FIG. 1/, a system
for determining battery states can include: an operator
device, characterization hardware, a model generator, a
simulation engine, a state estimator, a validation engine, a
battery or external system, and a model. The system can
optionally include a performance optimizer which can func-
tion to generate data (e.g., training data) for determining
(e.g., generating, identifying, etc.) battery states (e.g., bat-
tery states of interest, anomaly states, maintenance states,
etc.).

In a nineteenth example as shown in FIG. 5, a method can
include determining an application or operation for a bat-
tery; characterizing a set of characterization batteries (e.g.,
batteries that are substantially identical to the battery to be
estimated); generating one or more models based on the
battery properties associated with the set of characterization
batteries and optionally with battery properties associated
with batteries operating outside of the characterization facil-
ity; validating the one or more models; validating a state
estimator; and estimating a battery state using the state
estimator, a model (e.g., a model selected from the one or
more models based on the application or operation of the
battery), and the battery properties.

In a twentieth example as shown in FIG. 17, a method can
include applying a set of conditions (e.g., normal conditions,
anomalous conditions, etc.) to a set of characterization
batteries, characterizing the response of the characterization
batteries to the set of conditions, generating physical battery
models (e.g., electrical models, heat generation models,
electrothermal models, heat transport models, etc.) based on
the characterization data sets, simulating a response of a
battery to simulated conditions (e.g., normal conditions,
anomalous conditions, etc.), generating analysis models
(e.g., warranty status models, lifetime projection models,
anomaly state models, planning models, degradation miti-
gation models, etc.) based on the simulated responses and
optionally labels for the types of simulated conditions (e.g.,
‘anomalous’ vs ‘normal’), and transmitting the tuned analy-
sis models to the battery and/or external system.

However, the system and/or method can include any
suitable components and/or steps.

The methods of the preferred embodiment and variations
thereof can be embodied and/or implemented at least in part
as a machine configured to receive a computer-readable
medium storing computer-readable instructions. The com-
puter-readable medium can be stored on any suitable com-
puter-readable media such as RAMs, ROMs, flash memory,
EEPROMSs, optical devices (CD or DVD), hard drives,
floppy drives, or any suitable device. The computer-execut-
able component is preferably a general or application spe-
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cific processor, but any suitable dedicated hardware or
hardware/firmware combination device can alternatively or
additionally execute the instructions.

Embodiments of the system and/or method can include
every combination and permutation of the various system
components and the various method processes, wherein one
or more instances of the method and/or processes described
herein can be performed asynchronously (e.g., sequentially),
concurrently (e.g., in parallel), or in any other suitable order
by and/or using one or more instances of the systems,
elements, and/or entities described herein.

As a person skilled in the art will recognize from the
previous detailed description and from the figures and
claims, modifications and changes can be made to the
preferred embodiments of the invention without departing
from the scope of this invention defined in the following
claims.

We claim:

1. A system configured to estimate a battery state of a
battery comprising:

a sensor connected to the battery that measures sensor
data comprising at least one of a voltage, current, or
temperature of the battery;

a first processor collocated with the battery, wherein the
first processor comprises a first state estimator config-
ured to estimate the battery state using a model oper-
ating on the sensor data associated with the battery,
wherein the first state estimator receives the sensor data
from the sensor; and

a second processor operating on a cloud computing
server, wherein the second processor comprises a sec-
ond state estimator configured to, at a first frequency,
estimate a set of parameters associated with the model
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based on a set of sensor data associated with a plurality
of batteries, wherein the second processor transmits the
set of parameters to the first state estimator; wherein the
battery state is estimated at a second frequency that is
greater than the first frequency.

2. The system of claim 1, wherein the first state estimator
comprises a look-up table and system of equations relating
elements of the look-up table.

3. The system of claim 2, wherein the second state
estimator is configured to generate the look-up table and the
system of equations based on at least one of battery con-
straints or processor constraints.

4. The system of claim 3, wherein the at least one of
battery constraints or processor constraints comprise at least
one of a sensor sample rate, a processor computation limi-
tation, a processor memory limitation, or a battery state
performance requirement.

5. The system of claim 2, wherein the second state
estimator comprises an unscented Kalman filter.

6. The system of claim 5, wherein estimating the set of
parameters comprises updating elements of the look-up
table.

7. The system of claim 1, wherein the model comprises a
parameterized model, wherein estimating the set of param-
eters comprises updating a parameterization of the param-
eterized model.

8. The system of claim 1, wherein the plurality of batteries
comprises the battery.

9. The system of claim 1, wherein the first state estimator
is configured to estimate a subset of parameters of the set of
parameters.



